A method is proposed to count the number of pedestrians based on Weight-Minkowski-Dimension and Gaussian process regression for fixed cameras surveillance. First of all, the crowd foreground was extracted using Gaussian mixture model, and then the Weight-Minkowski-Dimension, which count the boxes with weights that was calculated based on linear interpolation, was extracted in the binary image of foreground edge, and finally the number of crowd was predicted by and Gaussian process regression. And we evaluate the algorithm both in Fudan dataset and Pets2009 dataset. Experimental result shows that the Weight-Minkowski-Dimension not only responds the change of the crowd number, but also eliminates the influence of perspective distortions, thereby improves estimation accuracy. On the other hand, it performs better in crowded scene.
Introduction
Crowd density estimation is one of the important branches in crowd analysis, and is also the important information that surveillance always concerns. In current decades, crowd phenomenon is increasing, resulting from population explosion. Large gatherings of people can be observed at covered areas such as in building halls, stadiums and airports as well as in open areas like at parks, walkways, sport events and public demonstrations. Crowd density is closely related to public security, and high population density invariably gives rise to crowd disaster such as trampling, therefore crowd counting is essential.
Many researchers have made great efforts to develop automatic crowd counting method, waking up to its significant. The taxonomy of existing method consists of two paradigms: 1) detection-based, 2) regression-based. Detection-based approaches attempt to determine the number of people by identifying single persons and their locations simultaneously, that is to say everyone must be detected or tracked, which rely on visibility of human features such as head, face or body parts [1, 2, 3, 4] . However, detecting people becomes a more complex task in the crowded scene due to severe occlusions. Unlike these proposals, there is another type of counting processes usually extract several local and holistic features from groups of people in foreground image then employ machine learning techniques to perform regression between image features and crowd size. Researchers have turned to the regression-based way because it is uncomplicated but effective, and moreover it is privacy preserving, without using explicit object segmentation or tracking.
Feature-based regression for crowd counting typically work by: 1) subtracting the background; 2) measuring various features of the foreground pixels, such as total area [5] , edge count [6] , or texture [7] ; and 3) estimating the crowd density or crowd count by a regression function, e.g. linear [5] ,Support Vector Regression (SVR) [8] , or Gaussian Process Regression (GPR) [9, 11] .
The work of Davies [5] was one of the pioneers to use regression technique for obtaining number of pedestrian automatically. In their work, the authors assumed linear models to map foreground pixels or edges to the number of people, but it only performs well in sparse scene. Not long after this, Marana [7] apply Grey Level Dependence Matrices (GLDM) to crowd density estimation. Four GLDM measures, such as contrast, homogeneity, entropy and energy, are used by a Self-Organizing Mapping (SOM) neural network to classify the crowd size to five density classes. Further work by Marana [10] made use of Minkowski Fractal Dimensions (MFD), which requires only one feature, as an advantage compared to GLDM, nevertheless, it can't eliminate the impact of scene perspective distortions.
Considering the poor performance of pixel-based feature and the scene perspective distortions, we propose a Weight-Minkowski-Dimension based framework for crowd counting. Fig. 1 illustrates the overall framework of our proposed method. There are two primary part in our proposed method, part A for foreground segmentation and edge detection, and part B for weight matrix calculation. Notably, weight matrix is calculated once. Immediately, multiply the edge matrix with weighted matrix for Weight-Minkowski-Dimension extraction. Finally, a Gaussian Process Model is used for mapping the feature to count. Our crowd counting method has following advantages:
1. The framework makes use of the foreground segmentation technique, which can remove the impact of background. It is also one of the difference between Marana's method and ours, while they extract the MFD in the edge of original image.
2. We calculate a weighted matrix based on linear interpolation, which should solve the scene perspective distortions.
3. Our approach is able to predict the number of pedestrian rather than density level that Marana present.
This paper is organized as follows. In Section 2 we present the technique for crowd counting based on Weight-Minkowski-Dimension. In Section 3 we provide the evaluation metrics and give a valuation in two benchmark datasets, Pets2009 Dataset [12] and Fudan Pedestrian Dataset [13] . Finally, in Section 4, we summarize our work and findings.
Crowd counting method
This section describes four processes in detail, including weighted matrix calculation, foreground segmentation, Weight-Minkowski-Dimension extraction and Gaussian Process Regression, which are introduced in Section 2.1, Section 2.2, Section 2.3 and Section 2.4 respectively.
Weight matrix calculation
Weighted matrix is mainly to eliminate the scene perspective distortions, in which far objects appear smaller than those closer to the camera view. As a result, MFD extracted from the same object at different depths would have great difference in value. Perspective distortion is common in video surveillance, especially, fixed camera with an angle, as shown in the left of Fig. 2 . Figure 2 . Weight matrix calculation.
The green rectangle, covering the nearby people, is larger than the red one which covers the far person. We adopt the linear interpolation based approach that was present in [11] to wipe off this kind of unfavorable factor. Nearby and far people are covered with rectangle successively (see Fig. 2 ). The length of the green rectangle is 1 l when the height is 1 h . The length of the red rectangle is 2 l while the height is 2 h .We presume that the height and the width of the people are all same in the image, then The weights at the bottom of green and red rectangle can be calculated by Eq. 1,
where 1 ω and 2 ω are the weights. Finally, the remaining pixel weights are computed once and saved based on linear interpolation. The weight matrix is shown in the right of Fig. 2 , where hot color indicates a high value.
Foreground segmentation
Each pixel of a frame is related to the corresponding pixel of the adjacent frame, which can be treated as Gaussian distribution. But surveillance videos always disturb by illumination, flickering and other interference, which can't be modeled as a single Gaussian distribution. One probable trick to figure out this kind of problem is modeled each pixel as k Gaussian distribution, such as Eq. 2,
where k is generally 3-5,   , η ,μ , ,
is probability density function, while , ω i t is the i -th weight of probability density function at time t , and the sum of , ω i t is 1. Furthermore, , μ i t means the i -th expectation of Gaussian probability density function, , i t  representing covariance matrix. In addition, , μ i t and , i t  will have a relatively large difference, when foreground changes. As a result, we can determine the difference of , μ i t for foreground segmentation.
It should be noted that every frame is changed to gray scale so as to reduce time complexity. In the actual implementation process, extracted foreground image may have some small noise, due to the influence of illumination and other factors. This paper applies the median filter on the foreground image after completing the Gaussian background modeling, thereby ameliorating the extracted foreground image. Finally, canny edge detection algorithm is applied to detect the foreground edge. Results are shown in 
Weight-Minkowski-Dimension extraction
The fractal theory is widely used in the literature, chiefly for the modeling of natural objects in image analysis techniques. Generally, the fractal dimension is a measurement of roughness of a shape; as a result, we can use the fractal dimension to measure the texture of the image. As Marana point out, different crowd shows different texture, where images of low density crowds tend to present coarse textures and of high density crowds present fine textures. Moreover, MFD is often used to measure the texture of the image for its calculation simplicity. Generally, MFD is also called box-counting dimension, which can be defined as Eq. 3,
where δ N ( ) F is the number of boxes of side length δ required to cover the image. In addition, the shape of box can be square, round in two dimension space. Intuitively, we can construct a set of different side length of the boxes (we use square). Then count the number of boxes of different size, where the box size is usually 2 n (n=1, 2, 3, … , r), as shown in Fig.4 . Finally, calculate the log-log change rate.
(a) (b) Figure 4 . Calculation of MFD.
MFD value can be affected by perspective distortions. We proposed a new method for counting the number of box, which count the box number with weights, and the weight value is the corresponding value at weight matrix, which was calculated in Section 2.1. The new box counting method can be defined as Eq. 4,
where L and W are length and width of image respectively. ( )   represents the box, of which covered pixels are not all zeros, in other word, it should be 0, if pixels of covered area are all zeros, otherwise, it should be 1, and , i j  is the weight. If the box size is larger than 1, the weight should be mean value of the weights in the box.
( ) ceil  returns the nearest integer greater than or equal to the input, which guarantees all the pixels in the image can be covered. After counting the boxes by weights, we also compute the log-log change rate. Results are shown in Table. 1. Obviously, Weight-Minkowski-Dimension performs better than MFD, because it can overcome the influence of perspective distortions. On the other hand, we test the Weight-Minkowski-Dimension both in fifth set of Fudan dataset and S1L1-13-59 set of Pets 2009, whose results show that it can response the change of pedestrian count, as shown in Fig.5 (a) (b) Figure 5 . Relation between WMD and count.
where WMD is the abbreviation of Weight-Minkowski-Dimension. And we can draw a conclusion that the relation between WMD and count is positive correlation.
Gaussian Process Regression
After feature extraction, a regression is trained to predict the count. As shown in Fig.5 , the relation between WMD and count is not linear. We use Gaussian process regression (GPR) to predict the count, because GPR has a number of pivotal properties -it allows possibly infinite number of basic functions driven by the data complexity, and it models uncertainty in regression problems elegantly, which is the one of the most popular nonlinear methods for crowd counting. Formally, GPR be defined as Eq. 5,
where
is specified by its mean function   m x and covariance function ( , ') k x x . We measure the GPR model both in fifth set of Fudan dataset and S1L1-13-59 set of Pets 2009, of which train set occupy 60%, while test set occupy 40%. The result is shown in Fig.6 , (a) (b) Figure 5 . Regression results.
The results show that the predict result, which was obtained by combining Weight-Minkowski-Dimension extraction and GP regression, is primarily in agreement with the real count. Nevertheless, there are still some broad gaps between predict result and real count, especially in S1L1-13-59 set of Pets 2009, as shown in Fig.5 , which is affected by the bad foreground segmentation.
evaluation metrics
We employed a metrics in performance evaluation, deviation error, which is given as Eq.6, d 
where y is the real count, ŷ is the predicted count, As shown in Fig.6 , we compute deviation error for Fudan dataset and Pets2009 dataset, Figure 6 . deviation error.
from which we can draw a conclusion that Weight-Minkowski-Dimension performs better in crowded scene, when combine the Fig.6 with Fig.5 .
Conclusions
We proposed a new crowd feature, Weight-Minkowski-Dimension, for counting the pedestrian, which performs better in crowded scene. Weight-Minkowski-Dimension can not only overcome the perspective distortions, but also represent the change of crowd size. GPR can map Weight-Minkowski-Dimension and count. We extract the crowd feature in the edge image of foreground, which can eliminate the negative influence of background. But it should lose efficacy on account of bad foreground extraction. So we will search for more effective foreground extraction method in the future work.
